The advent of third-generation sequencing (TGS) technologies, such as the Pacific Biosciences (PacBio) and Oxford Nanopore machines, provides new possibilities for contig assembly, scaffolding, and high-performance computing in bioinformatics due to its long reads. However, the high error rate and poor quality of TGS reads provide new challenges for accurate genome assembly and long-read alignment. Efficient processing methods are in need to prioritize high-quality reads for improving the results of error correction and assembly. In this study, we proposed a novel Read Quality Evaluation and Selection Tool (REQUEST) for evaluating the quality of third-generation long reads. REQUEST generates training data of high-quality and low-quality reads which are characterized by their nucleotide combinations. A linear regression model was built to score the quality of reads. The method was tested on three datasets of different species. The results showed that the top-scored reads prioritized by REQUEST achieved higher alignment accuracies. The contig assembly results based on the top-scored reads also outperformed conventional approaches that use all reads. REQUEST is able to distinguish high-quality reads from low-quality ones without using reference genomes, making it a promising alternative sequence-quality evaluation method to alignment-based algorithms.
Introduction
Next-generation sequencing (NGS) dominated the DNA sequencing area since its development, dramatically reducing the cost and error of sequencing by enabling a massively paralleled approach capable of producing large numbers of reads [1] . With the length generated by most NGS machines being short (often less than 200 bp), the applications of NGS are limited in gene/transcript reconstruction and complex genomic assembly [2] [3] [4] .
The emergence of third-generation sequencing (TGS) technology offers many new prospects for genome research, especially thanks to its dramatically increased reads length [5] , to solve complex genome regions with long repeats [6] [7] [8] [9] . In 2014, Oxford Nanopore Technologies (ONT) presented their tiny MinION sequencer. The MinION can produce reads thousands of bases long. Scientists used this technology to construct genomes of new species [6] , such as vaccinia virus [10] , Saccharomyces cerevisiae [11] , and tobacco [12] . The one-dimensional (1D) reads from MinION have a raw nucleotide accuracy less than 75%, while the two-dimensional (2D) reads are of higher quality (80-88% accuracy) [13] .
The standard for judging assembly and long transcripts is mapping rate or genome coverage, which depends on alignment and, therefore, is time-consuming. The accuracy of second-generation sequencing is about 99.96%; however, it still needs to be corrected in assembly, scaffolding,
Materials and Methods

Data Availability
There are three species of 2D-pass datasets generated by Oxford Nanopore techniques, including Escherichia coli (E. coli), Yersinia pestis (Yersinia), and Drosophila biarmipes (Drosophila). The E. coli dataset is available at the Loman lab website (http://lab.loman.net/). The Yersinia pestis and Drosophila biarmipes datasets are available at the National Center for Biotechnology Information (NCBI) Sequence Read Archive (SRA) database (SRR5117441, SRR7167956). The latest assembled genomes of E. coli, Yersinia, and Drosophila used here were downloaded from the RefSeq database (http://www.ncbi.nlm.nih.gov/ refseq).
Methods
REQUEST prioritizes high/low-quality reads based on their differential pattern of nucleotide combinations to evaluate the quality of reads. It consists of three steps to solve the high error rate facing the application of TGS, as shown in Figure 1 .
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Step Figure 1 . The workflow of the Read Quality Evaluation and Selection Tool (REQUEST). The method consists of three steps: (1) compiling of the training data of high-and low-quality reads; (2) splitting the training set into two parts to build the linear model and cross-score the reads; (3) selecting the topscored reads and evaluating them. SQ stands for the score of sequencing read quality computed by REQUEST.
In step 1, to generate the training dataset, the contents of 84 kinds of nucleotide combinations were calculated as the sequence features for each read. The raw reads were regarded as the lowquality reads (LQ, labeled as '-1'). The error-corrected reads generated by MECAT with the raw reads as the input data were regarded as the high-quality reads (HQ, labeled as '1').
In step 2, the training sets were split into two subsets to train the linear model separately and cross-score the reads. The process was equivalent to solving a linear least-square problem. The list of predicted Scores of read Quality, denoted as SQ scores, was calculated as shown in Equation (1) .
where X refers to the matrix of training sets (Part 1 in Figure 1 ), and Xnew refers to the matrix of test sets (Part 2 in Figure 1 ). For all reads, the SQ scores of all raw reads were the combination of SQ scores of the two parts. In step 3, to verify the effectiveness of the proposed method, we selected the top-ranked 80%, 85%, 90%, and 95% of reads and removed the lowest-scored reads, which reduced the negative impacts. The top-ranked reads could then be used for error correction and contig assembly for testing the effectiveness of our method.
The REQUEST software was implemented in Python and R, and it is freely available at http://github.com/bioinfomaticsCSU/REQUEST. In step 1, to generate the training dataset, the contents of 84 kinds of nucleotide combinations were calculated as the sequence features for each read. The raw reads were regarded as the low-quality reads (LQ, labeled as '-1'). The error-corrected reads generated by MECAT with the raw reads as the input data were regarded as the high-quality reads (HQ, labeled as '1').
where X refers to the matrix of training sets (Part 1 in Figure 1 ), and X new refers to the matrix of test sets (Part 2 in Figure 1 ). For all reads, the SQ scores of all raw reads were the combination of SQ scores of the two parts. In step 3, to verify the effectiveness of the proposed method, we selected the top-ranked 80%, 85%, 90%, and 95% of reads and removed the lowest-scored reads, which reduced the negative impacts. The top-ranked reads could then be used for error correction and contig assembly for testing the effectiveness of our method. The REQUEST software was implemented in Python and R, and it is freely available at http: //github.com/bioinfomaticsCSU/REQUEST.
Evaluation Method
For raw reads and corrected reads, the analytical indicators include the number of reads (Num), as well as the maximum (max), minimum (min), and average length of each dataset. We aligned all reads to the genome and counted the numbers of alignment, aligned rate (%), and mean and median of identity.
Alignments refer to long reads whose overlapped lengths with the reference genome are longer than 2000 bp and where the mismatch rate is less than twice the read error rate [32] . Aligned rate (R) refers to the proportion of reads aligned to genomes in all reads, calculated as
where n refers to the number of alignments, and N refers to the number of all reads. The identity is a general standard of sequence quality, showing the degree of match to genome. Identity of a sequence is the ratio of bases aligned to genome, calculated as
where m refers to the number of matched bases, and Ref refers to the length of reference sequence. We calculated the Pearson correlation coefficient between the identity and SQ scores. The Pearson correlation coefficient was as follows:
To further investigate whether this selection method could improve assembly, we used the selected datasets for assembly using MECAT2canu with the Nanopore assembly pipeline, and the contigs were evaluated by QUAST (Quality Assessment Tool for Genome Assemblies) [33] . The metrics used here were the number of contigs, max length of contigs, the number of misassemblies (MA), largest alignment, N50, NA50, and genome fraction. N50 is the length of the longest contig such that all the contigs longer than this contig cover at least half of the genome being assembled [34] . NA50 is similar to N50 [35] in corrected contigs. Genome fraction is the percentage of aligned bases in the reference genome. A base in the reference genome is aligned if there is at least one contig covering this base [36] .
Results
High-Quality and Low-Quality Reads Show Different Patterns of Nucleotide Combination Content
The differential pattern of long reads was illustrated using a Nanopore sequencing dataset. For instance, Figure 2 shows the difference of four trinucleotides between the reference genome (representing gold-standard error-free reads, green lines), corrected reads (representing high-quality reads, blue lines), and raw reads (representing low-quality reads, red lines). The differences were prominent.
In order to determine whether the selected reads with high SQ scores could result in an improvement of error correction and assembly results, we also randomly selected the same number of raw reads and compared the results between our selected reads and the randomly selected reads. The results of E. coli (see Table 1 ), Yersinia (see Table 2 ), and Drosophila (see Table 3 ) consist of three parts: read alignment, read correction, and contig assembly. In order to determine whether the selected reads with high SQ scores could result in an improvement of error correction and assembly results, we also randomly selected the same number of raw reads and compared the results between our selected reads and the randomly selected reads. The results of E. coli (see Table 1 ), Yersinia (see Table 2 ), and Drosophila (see Table 3 ) consist of three parts: read alignment, read correction, and contig assembly.
The raw reads were ranked by the SQ scores, and the top 95%, top 90%, top 85%, and top 80% of reads were retained for subsequent analysis. For comparison, subsets of raw datasets of the same size as the reads selected by REQUEST were randomly selected; by repeating this process 20 times, 20 replicate sub-datasets were obtained, and the results on the randomly selected reads were averaged for comparison.
The corrected reads were processed by MECAT. The evaluation criterions of the raw reads and corrected reads contained (1) the number of reads, (2) maximum, minimum, and mean length, (3) the number of alignments and the proportion of alignment in all reads, and (4) mean and median identity.
The evaluation criteria of contigs contained the number of contigs, the maximum contig length, the number of misassemblies, maximum length of alignment, N50, NA50, and genome fraction.
Experimental Results
Results of Escherichia coli
The raw dataset of E. coli contained 31,858 2D reads. The length ranged from 99 bp to 64,218 bp. The identity ranged from 53.95% to 97.42%. We made a comparison between SQ and identity. The relationship between SQ score and identity is shown in Figure 3a . An obvious positive correlation can be seen in the figure. The Pearson correlation coefficient of E. coli between identity and SQ score was 0.53 (p < 2.2 × 10 −16 ), suggesting that the SQ scores are a useful indicator of read alignment-based quality. The raw reads were ranked by the SQ scores, and the top 95%, top 90%, top 85%, and top 80% of reads were retained for subsequent analysis. For comparison, subsets of raw datasets of the same size as the reads selected by REQUEST were randomly selected; by repeating this process 20 times, 20 replicate sub-datasets were obtained, and the results on the randomly selected reads were averaged for comparison.
The evaluation criteria of contigs contained the number of contigs, the maximum contig length, the number of misassemblies, maximum length of alignment, N50, NA50, and genome fraction. 
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Results of Escherichia coli
The raw dataset of E. coli contained 31,858 2D reads. The length ranged from 99 bp to 64,218 bp. The identity ranged from 53.95% to 97.42%. We made a comparison between SQ and identity. The relationship between SQ score and identity is shown in Figure 3a . An obvious positive correlation can be seen in the figure. The Pearson correlation coefficient of E. coli between identity and SQ score was 0.53 (p < 2.2 × 10 −16 ), suggesting that the SQ scores are a useful indicator of read alignment-based quality.
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(a) (b) (c) Then, error correction and assembly were carried out on the randomly selected reads. The results of E. coli datasets are shown in Table 1 . The length distribution of the reads selected by our method Then, error correction and assembly were carried out on the randomly selected reads. The results of E. coli datasets are shown in Table 1 . The length distribution of the reads selected by our method was higher than that of the randomly selected reads. The proportion of alignments was up to 93.25%, which was 5.57 percent higher than that from randomly selected reads. The distribution of identity had a similar trend. This indicates that SQ scores indeed correlate with the quality of reads.
In the second part, the results of error correction showed different trends. The mean and median identity of the REQUEST selection was lower than that of the random selection in 85-95% and higher in 80%. Meanwhile, the number and length of the REQUEST selection was much higher than random selection. This means that REQUEST allowed more reads to be corrected and the length of effective error correction was longer.
In the last part, the assembly results showed the advantages of REQUEST with fewer and longer contigs. N50 and NA50 were also longer. Although there were slightly more misassemblies, the genome fraction was up to 100%.
Results of Yersinia pestis
The raw dataset of Yersinia contained 28,429 2D reads. The length ranged from 125 bp to 61,191 bp. The identity ranged from 54.24% to 95.14%. The relationship of SQ score and identity is shown in Figure 3b . The Pearson correlation coefficient of Yersinia between identity and SQ score was 0.48 (p < 2.2 × 10 −16 ). The results are shown in Table 2 . The mean length of the reads selected by the REQUEST method was higher than that of the randomly selected reads. The distribution of identity had a similar trend.
In the second part, the results of error correction had similar trends as the E. coli datasets. The max length of error-corrected reads was 23,000bp longer than that of random selection.
In the last part, the assembly results also showed the advantages of REQUEST. Overall, the results of model-based selection were comparable to those of all data and outperformed randomly selected reads. The max length, N50, and NA50 were also longer. Although misassemblies were slightly more than the result of random selection, genome fraction was up to 99.96%.
Results of Drosophila biarmipes
The raw dataset of Drosophila contained 1,375,649 reads. The length ranged from 61 bp to 93,368 bp. The identity ranged from 60.60% to 100.0%. The relationship of SQ score and identity is shown in Figure 3c . The Pearson correlation coefficient of Drosophila between identity and SQ score was 0.36 (p < 2.2 × 10 −16 ). Due to the large genome of Drosophila, the results were different from those of the above two datasets ( Table 3 ). The alignment of the REQUEST selected reads was higher than that of all reads and randomly selected reads. In the second part, the number of corrected reads from the REQUEST-selected reads was more than that of randomly selected reads. In the last part, the assembly results also showed the advantage of REQUEST. Overall, the results after selection were better than those without filtering.
Discussion
In this study, we proposed a sequence-based method, REQUEST, to evaluate and select TGS long reads based on the differential pattern of base combination. It defined the corrected reads as the high-quality reads and the raw reads as the low-quality reads. The base combinations of each read were regarded as the features. REQUEST builds a linear model to score the raw reads. The SQ scores were used as the criterion to select the high-quality reads.
The selected reads with high SQ scores had longer length, higher identity, and higher aligned rate than randomly selected ones. For the results of error correction, the selection generated more reads with longer effective length. The aligned rate of REQUEST was also better than the results of all reads without filtration. Applied to contig assembly, the performance of contigs of REQUEST was better compared to random selection, as well as the performance for all reads in N50, NA50, and other aspects. The genome fraction was higher than that using all reads. It was confirmed that using only reads of high SQ scores had a positive impact in further error correction and assembly. In the future, we plan to test the performance of REQUEST on larger and more complex genomes such as the human genome sequencing data.
REQUEST evaluated and selected third-generation long reads based on the base combinations without a reference genome. It performed better than randomly selected reads and all reads in terms of read quality, error correction, and assembly. REQUEST can quickly evaluate sequence quality, improve the results of error correction and assembly, and reduce the time of iterative error correction of reads generated by the third-generation sequencing technique. REQUEST gives each read an SQ score. In addition to aid filtering low-quality reads, this score can also be integrated with error correction and assembly algorithms for potentially improving their performance. 
